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(57) ABSTRACT 

A method of recognizing a test face given an imprecise 
localization and/or a partially occluded face. Using an 
eigenspace representation of the test face, a subspace is 
computed that represents localization errors Within the 
eigenspace. This is computed by calculating an actual local 
ization error of the localization of the test face. Accounting 
for the calculated actual localization error, all possible 
morphed faces are projected onto the eigenspace. For all 
possible faces, the subspace is modeled Where all of the 
possible localizations of the possible faces lie using of a 
Gaussian distribution. To accommodate for possible partial 
occlusions, for all possible faces, the possible faces are 
divided into n different local parts. Each of the n local parts 
are modeled using a Gaussian distribution. A global identity 
of the test face is computed by adding all local probabilities 
de?ned by the Gaussian distribution. The test face is rec 
ognized based on the computed subspace and/or the 
accounted for possible partial occlusions. 
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METHOD OF RECOGNIZING PARTIALLY 
OCCLUDED AND/OR IMPRECISELY LOCALIZED 

FACES 

BACKGROUND OF THE INVENTION 

[0001] The present invention generally relates to computer 
vision. The present invention has speci?c application for 
face recognition. 

[0002] The increasing interest in the face recognition ?eld 
is fueled by its many potential applications as Well as for its 
scienti?c interest. Recent Work on subspace analysis tech 
niques for face recognition has proven to be very useful 
under certain “constrained” circumstances (e.g. Where the 
illumination conditions remain closely the same for learning 
and testing shots, Where facial expressions betWeen learning 
and testing do not differ much, etc.). Among them, it is 
WorthWhile to emphasiZe the Principal Component Analysis 
(PCA) approach. 
[0003] Unfortunately, many problems remain to be solved 
before the PCA approach can be applied to “unconstrained” 
domains. TWo of these problems are: the imprecise 
localiZation of faces and (ii) occlusions. Each of these 
problems implies a failure of identi?cation in knoWn face 
recognition approaches. Almost nothing has been proposed 
to overcome the ?rst problem and little has been done to 
overcome the second problem. 

[0004] Accordingly, neW face recognition approaches are 
needed. There is a need to provide a face recognition 
approach that recogniZes a face Where the localiZation step 
does not guarantee a precise localiZation and/or Where parts 
of the face appear occluded by, for eXample, glasses or 
clothing. 

SUMMARY OF THE INVENTION 

[0005] The present disclosure provides one or more inven 
tions directed to improvements in face recognition. These 
inventions may be provided in a single all-encompassing 
embodiment or practiced separately. 

[0006] To this end, in an embodiment, there is provided a 
method of recogniZing a test face, Wherein a localiZation of 
the test face may be imprecise. In the conteXt of this 
disclosure,, unless otherWise quali?ed, the phrase “test face” 
means an image or face that is to be recogniZed. Using an 
eigenspace representation of the test face, a subspace is 
computed that represents localiZation errors Within the 
eigenspace. The subspace is computed by calculating an 
actual localiZation error of the localiZation of the test face. 
Accounting for the calculated actual localiZation error, all 
possible morphed faces are projected onto the eigenspace. 
For all possible faces, the subspace is modeled Where all of 
the possible localiZations of the possible faces lie using of a 
Gaussian distribution. Then, the test face is recogniZed 
based on the computed subspace. 

[0007] In an embodiment, prior to computing the sub 
space, the localiZation of the test face can be computed. The 
test face is pre-localiZed. UnWanted segments are omitted. 
Both eyes and the mouth of the test face are localiZed. The 
face is rotated until the test face is frontal. Boundaries of the 
test face are identi?ed. Then, the test face is morphed to a 
standard face. 
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[0008] In an embodiment, The step of calculating the 
actual localiZation error comprises manually localiZing a 
number pertinent features of all possible faces; and com 
puting the actual localiZation error as a difference betWeen 
the localiZation of the test face and the manually localiZed 
features. 

[0009] In an embodiment, there is provided a method of 
recogniZing a test face, Wherein the test face may be partially 
occluded. For all possible faces, the possible faces are 
divided into n different local parts. Each of the n local parts 
are modeled using a Gaussian distribution. A global identity 
of the test face is computed by adding all local probabilities 
de?ned by the Gaussian distribution. The test face is then 
recogniZed based on the computed global identity of the test 
face. 

[0010] In an embodiment, the modeling step further com 
prises the steps of generating a local eigenspace represen 
tation and generating a Gaussian model. The local eigens 
pace representation is generated by applying a localiZation 
stage to each of the possible faces; generating a leaning set; 
?nding a mean vector of each element of the learning set; 
computing covariance matrices for each element of the 
learning set; and obtaining the local eigenspaces by taking 
the eigenvectors associated With the largest eigenvalues of 
the covariance matrices. The Gaussian model is generated 
by constructing all eigenspaces by ?nding eigenvectors 
associated to the highest eigenvalues of each covariance 
matriX; and searching for subspaces that account for the 
localiZation error by projecting all learning instances onto 
the constructed eigenspaces. 

[0011] In an embodiment, the step of computing the global 
identity of the test face further comprises the steps of: 
localiZing the test face; morphing the test face to a ?nal 
standard face; project each of the n local parts onto com 
puted eigenspaces, Wherein a probability of a given match is 
directly associated to a Mahalanobis distance ; adding all 
local Mahalanobis distances; and searching for minima from 
the added distances. 

[0012] In an embodiment, there is provided a method of 
recogniZing a test face, the method comprising the steps of: 
using an eigenspace representation of the test face, comput 
ing a subspace that represents localiZation errors Within the 
eigenspace by: calculating an actual localiZation error of the 
localiZation of the test face; accounting for the calculated 
actual localiZation error, projecting all possible morphed 
faces onto the eigenspace; and for all possible faces, mod 
eling the subspace Where all of the possible localiZations of 
the possible faces lie using of a Gaussian distribution; and 
accounting for possible partial occlusions of the test face by: 
for all possible faces, dividing the possible face into n 
different local parts; modeling each of the n local parts using 
a Gaussian distribution; and computing a global identity of 
the test face by adding all local probabilities de?ned by the 
Gaussian distribution. The test face is recogniZed face based 
on the computed subspace and/or the accounted for possible 
partial occlusions. 
[0013] Thus, the present invention provides a probabilistic 
approach that solves both the localiZation problem and the 
occlusion problem While using an eigenspace representation. 
In contrast to other approaches that have been de?ned to 
solve the occlusion problem, Where a simple voting space is 
used, the present invention uses a probabilistic method that 
analyses hoW “good” a local match is. 
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[0014] These and other features of the present invention 
Will become clearer With reference to the following detailed 
description and the presently preferred embodiments and 
accompanying draWings. 

DESCRIPTION OF THE DRAWINGS 

[0015] FIG. 1(a) illustrates hoW a small localiZation error 
can result in an eigenspace representation of a test face that 
is close to an incorrect class. 

[0016] FIG. 1 (b) illustrates computing a subspace that 
represents localiZation errors With the eigenspace represen 
tation of the test face in accordance With the present inven 
tion. 

[0017] FIG. 2(a) illustrates a possible learning face. 

[0018] FIG. 2(b) illustrates a test face Which is partially 
occluded. 

[0019] FIG. 2(c) illustrates dividing the possible learning 
face into different local parts and computing a global identity 
of the test face in accordance With the present invention. 

[0020] FIG. 3 displays a database of possible faces for a 
test face. 

[0021] FIG. 4(a) illustrates a test face. 

[0022] FIG. 4(b) illustrates the test face pre-localiZed. 

[0023] FIG. 4(c) illustrates the pre-localiZed test face With 
small isolated segments removed. 

[0024] FIG. 4(d) illustrates a face localiZation result. 

[0025] FIG. 4(e) illustrates a standard face of the test face. 

[0026] FIG. 5(a) illustrates experimental results obtained 
in accordance With the present invention. 

[0027] FIG. 5(b) illustrates a comparison of experimental 
results obtained in accordance the present invention, a 
voting PCA approach, and a global PCA approach. 

[0028] FIG. 5(c) illustrates a comparison of experimental 
results obtained in accordance the present invention, a 
voting PCA approach, and a global PCA approach. 

DETAILED DESCRIPTION OF THE 
PRESENTLY PREFERRED EMBODIMENTS 

[0029] As discussed above, there is provided a method and 
device for recognition of imprecisely localiZed and/or par 
tially occluded faces. 

[0030] The localiZation error problem is encountered 
When a small localiZation error makes the eigenspace rep 
resentation of a test image close to an incorrect class. This 
is depicted in FIG. 1(a). FIG. 1 (a) illustrates tWo classes, 
one draWn using crosses and another using pentagons. For 
each class, there are tWo learned feature vectors 10, 12, 14, 
16, each corresponding to the same image but accounting for 
different localiZation errors. The test image 18 (Which 
belongs to the “cross” class) is shoWn as a square. Note that 
While one of the “pentagon” samples 16 is far from the test 
feature vector, i.e. the square, the other 14 corresponds to the 
closest sample, i.e. While there is a localiZation that leads 
one to a correct classi?cation, the other does not. This point 
becomes critical When the learning and testing images differ 
on facial expression, illumination conditions, etc., as Well as 
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for duplicates. A “duplicate” is an image of a face that is 
taken at a different time, for example, Weeks, months or even 
years later. Note that the localiZation problem does not mean 
a failure in localiZing faces: it is assumed that the face 
localiZation step is successful, hoWever small errors of 
precision can make the face identi?cation process fail. 

[0031] The present invention inventively overcomes this 
knoWn disadvantage by providing for learning the subspace 
that represents small localiZation errors Within the eigens 
pace. To do that, ?rst the actual error (the physics to be 
modeled) of the localiZation system (about the x and y image 
axes) is calculated. Second, accounting for this localiZation 
error, all possible morphed faces are projected onto the 
eigenspace. And third, for each person, the subspace Where 
all his/her possible localiZations lie are modeled by means of 
a Gaussian distribution. This process is displayed in FIG. 1 

(b) 
[0032] The occlusion problem is visually depicted in 
FIGS. 2(a) and 2(b). Assume that the image 20 of FIG. 2(a) 
is used for learning and that the image 22 of FIG. 2(b) is 
used for testing. A global PCA approach Will, in general, be 
unable to correctly identify the test image 22 because a large 
part of the test image 22 is occluded by a scarf 24. 

[0033] The present invention inventively overcomes this 
knoWn disadvantage by dividing each face into n different 
local parts (as shoWn in FIG. 2(c)). Each of these n local 
parts is modeled by using the above-mentioned Gaussian 
distribution. The global identity of any given test image 22 
can then be easily computed by simply adding all local 
probabilities (de?ned by the Gaussian distributions). To 
compute the local probabilities, the Mahalanobis distance is 
used. Applicant’s present method differs from previous local 
PCA approaches in that Applicant’s method uses a proba 
bilistic approach rather than a voting space. The advantage 
of Applicant’s present method is that, although a local area 
of the face might have been not classi?ed as the ?rst (best) 
option, generally either the incorrect ?rst (best) choice has 
a very small probability, or the correct class is Within the 
most probable choices. 

[0034] The method of the present invention has been 
tested using 2600 images of the AR-face database. Note that 
While other face databases, such as the FERET, deal With a 
very large number of people, the AR-face database contains 
a larger number of images per individual, e.g. under differ 
ent. Face images of the AR-face database appear at different 
illumination conditions, With different facial expressions, 
and under different occlusions (Wearing sunglasses or a 
scarf). For illustration, these images for one subject are 
shoWn in FIG. 3. The various images displayed in FIG. 3 
are described beloW in this disclosure. 

[0035] 1.0 The LocaliZation Problem 

[0036] The beloW-described localiZation method alloWs 
replication and assists in describing both the localiZation 
error problem and the physics behind the present invention. 
The present invention is not limited to the beloW-described 
localiZation method, and any alternative localiZation algo 
rithm can be used. 

[0037] 1.1 Face LocaliZation 

[0038] In knoWn localiZation methods, color has been 
largely used to localiZe faces in an image. Human skin color 
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forms a dense manifold in color space Which makes it an 
easy feature to detect in images. The three dimensional 
chromatic space (i.e. the normaliZed (R,G,B) space (R/T, 
G/T, B/T), Where T=R+G+B), for example, can be used to 
pre-localiZe faces in images. FIG. 4(b) shoWs a result taken 
from a test image 26 of FIG. 4(a). The erosion and dilatation 
operators from the mathematical morphology are used to get 
rid of small isolated segments 28, as illustrated in FIG. 4(c). 
In this example, a 4x6 operator Was used, hoWever a 
different operator can be used. Then a PCA technique is used 
to localiZe the eyes and the mouth. Using the differences 
betWeen the X and y coordinates of the tWo eyes, the original 
image is rotated until obtaining a frontal face, ie both eyes 
have the same y value (mathematically, atan(|]y1-y2|]/|]x1 
x2|]), Where (x1, y.) and (x2, y2) are the right and left eye 
coordinates). Finally a contour technique is used to search 
for the boundaries of the face 30 (i.e. top, doWn, left and 
right). FIG. 4(a') depicts a face localiZation result. 

[0039] Referring to FIG. 4(e), the face 30 is then morphed 
to a ?nal “standard” face 32 of 120 by 170 pixels. After 
morphing, the eye centers, the medial line of the nose, etc., 
are expected to be at the same pixel coordinates in all 
images. Obviously, this Will only be true Where the local 
iZation step has no error, Which is almost never the case. 
Accordingly, there is a need for Applicant’s present method 
to deal With the localiZation problem. The morphing proce 
dure is necessary, so as to guarantee that only the appearance 
of the face is taken into account by the recognition system. 

[0040] Notice that not all feature can be detected in images 
(54-64) of FIG. 3. To overcome this, the eye positions in 
images (54-58) and the mouth position in images (60-64) 
Were obtained by averaging the values among all other face 
images (i.e. (40-52)) of all subjects. 
[0041] 1.2 The LocaliZation Error 

[0042] It Would be unrealistic to hope for a system that 
does localiZe the above mentioned features (eg eyes, 
mouth, top, etc.) With a high degree of precision. Due to 
different facial expressions, lighting conditions, etc., the 
localiZation stage is expected to be error prone. The trouble 
With this is that the eigen-representation of the correct 
localiZed face differs from the eigen-representation of the 
actual computed localiZation, Which can ultimately imply an 
incorrect recognition. An example Was depicted in FIG. 1 
(a) 
[0043] Fortunately, this problem can be modeled by means 
of a probability density function. Assume, for the time being, 
that the localiZation error (for both, the x and y axes) is 
knoWn. Then, by simply creating all possible localiZations 
(accounting for this error) in the learning stage, the subspace 

Where this data lies can be easily modeled, as in FIG. 1 HoWever, one still needs to knoW the error that the local 

iZation algorithm is performing. To accomplish this, each of 
the above enumerated facial features in a number of images, 
such as 500 images, are manually localiZed as precisely as 
possible. Then, the error of the above described localiZation 
algorithm is computed in contrast to the manually localiZed 
features. In the present example, the localiZation Was found 
to have a variance error of :3 pixels about the x image axis, 
Which error is denoted as vrX, and of :4 pixels about the y 
image axis, Which error is denoted as vry. 

[0044] Once the localiZation error is knoWn, the method 
Works as folloWs. For every sample image, the above 
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described localiZation approach is computed. Each sample 
image is then morphed to r possible solutions, Which account 
for all possible errors from 0 to :3 about the x axis and from 
0 to :4 about the y axis; Where r is of the order of 22f, f being 
the number of features localiZed in each face 

[:1 

[0045] When the number of features detected in an image 
is large, this complexity is to be considered. In those cases, 
knoWing that accounting for the error in only one feature at 
a time Would not imply a signi?cant change of appearance 
(in practice, almost none), a subset of all these r is expected 
to suf?ce. 

[0046] 2.0 Local Probabilistic Approach 

[0047] One knoWn method to deal With partially occluded 
objects (such as faces) is by using local approaches. In such 
a knoWn method, a face is divided into several parts that are 
analyZed in isolation, and then a voting space is used to 
search for the best match. HoWever, a voting technique can 
easily mis-classify a test image, because it does not take into 
account hoW good a local match is (in relation to the other 
local matches). The present invention overcomes this knoWn 
disadvantage by providing a probabilistic approach. 

[0048] 2.1 Learning Stage 

[0049] According to the method of the present invention, 
the learning procedure can be divided into tWo steps: the 
local eigenspace representation, and the generation of the 
Gaussian models. 

[0050] To generate the local eigenspaces, the localiZation 
stage is ?rst applied to each of the training images, and then 
the learning set Xk={x1) 1) k) . . . , Xn) m) k} is generated; Where 
xi) j) k is the kth local area of the jth (morphed) sample image 
of class i (in its vector form), n is the total number of classes 
(i.e. people), and m the number of samples per class. 

[0051] For the present example, it is assumed that the 
number of samples is equal for all classes. Alternatively, 
derivations might slightly differ from those described beloW. 
It is also assumed that k=1, 2, 3, 4, 5, 6, ie six local areas. 
To obtain each xi) j) k sample, an ellipse-shape segment 
x2/dX2+y2/dy2=1 is used (See FIG. 2(c)). 

[0052] After ?nding the mean vector pk of each Xk, the 
covariance matrices Qk=(Xk—pk)(Xk—pk)T, Vk are com 
puted. Eigenspaces are obtained by taking the p eigenvectors 
associated With the largest eigenvalues of Qk. (Note, that the 
localiZation error is not taken into account yet.) 

[0053] The above eigenspace representation is not 
adequate for recognition Where the illumination intensity, 
illumination sources and/or any other environmental feature 
changes. As is knoWn, the ?rst three eigenvectors of the 
eigenspace (normally) correspond to the illumination 
change. Unfortunately, there are tWo main problems that 
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make this method impractical. First, We do not know 
Whether the database We are given contains different illu 
mination sources/conditions. Second, although these eigen 
vectors basically contain illumination information, they 
might also contain discriminant information that is essential 
to discriminate betWeen some of the classes. 

[0054] A better approach is to use a separate eigenspace 
for each group of images that Were taken under the same 
conditions, i.e. same illumination conditions, same facial 
expression, etc. To clarify this, refer to FIG. 3: images (40) 
to (64) of a single person correspond to 13 different condi 
tions, Whereas image (40) for all subjects correspond to a 
single condition. Note that this approach needs all learning 
images to be labeled (i.e. to Which class they belong to) 
Which might be seen as a draWback. 

[0055] More formally, let Xj>k={X1>]->k, . . . , Xn; k} be the 
set of images corresponding to kth local part and j learning 
condition. Allj*k eigenspaces are constructed by ?nding the 
p eigenvectors associated to the highest eigenvalues of each 
covariance matrix Qj) k=(XJ-)k—pj)k)(XJ-)k—pJ-)k)T; Where pal-)1‘ is 
the mean feature vector of XLk. In the folloWing, these 
eigenspaces are referred to as EigLk, and to their projecting 
matrices are referred to as Ej)k (Which are built by means of 
the p eigenvectors associated to the largest eigenvalues of 
their associated QLQ. 

[0056] Once all those eigenspaces have been computed, 
one is ready to search for the subspaces that account for the 
localiZation error. To achieve that, all learning instances 
(accounting for the localization error) are projected onto the 
above computed eigen-representation. Mathematically, 
Applicant de?nes Xj)k={x1>j>k, , ind-k}, Where 
x1)j)k={xi)j)k1, . . . , xLLk‘} and represents all possible images 
accounting for all possible error of localiZation (recall that 
the sample localiZation error has a variance of :3 by :4 
pixels). For obvious reasons, each Xi’k is only projected onto 
its corresponding eigenspace by means of ELk. Each xiJ’k set 
is expected to be Within a small subspace of its correspond 
ing EigLk, Which can be modeled by means of a Gaussian 
distribution Gm)k With an associated mean paw-)1‘ and covari 
ance matrix 

2; 

[0057] Where GM)k is the Gaussian model associated With 
the training sample xiduk and 

[0058] Notice that the set xLLk (Which can be very large) 
needs not be stored in memory, only the Gaussian model 
(mean and covariance matrix) is needed for consecutive 
computations. 

[0059] 2.2 Identi?cation Stage 

[0060] When a test image tZ is to be recogniZed, the 
folloWing computations are applied. First, the face is local 
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iZed by means of the above-described method (See Section 
1), and the face is morphed to its ?nal 120 by 170 pixel array 
(Which is herein denoted as {2). Since the localiZation error 
Was already considered in the learning stage, it is not 
necessary to address that problem at this point. 

[0061] Each of the six local areas are projected onto the 
above computed eigenspaces. In more detail, tz)j)k=El-)k~tz)k, 
Vj,l<; Where tLk represents the kth local part of T2, and tmk 
its projection onto EigLk. Since one may not knoW to Which 
of the environmental conditions this test image belongs to, 
one needs to project tkk onto all possibilities (Eigj)k Vj) and 
then either search for the best match or add all probabilities 
(distances). As stated in the introduction, it is better to add 
probabilities rather than making hard classi?cation deci 
sions, because it alloWs one to select the correct class even 
if this is not the best (?rst) one. Since the mean feature 
vector and the covariance matrix of each local subspace are 
already knoWn, the probability of a given match can be 
directly associated With a suitably de?ned distance 

[0062] i.e. the Mahalanobis distance. Mathematically, 

[0063] Where Mh(~) is the Mahalanobis distance, and 
LocResi k the recognition result of the kth local area of class 
i. Generally, the distance from the test sample vector to each 
Eigj>k is also taken into account; i.e. added to LocReSi) k. 

[0064] Finally, all local distances (probabilities) are 
added, 

6 

Res; : Z LocRest-yk, 
/<:1 

[0065] and search is made for the minima (maxima), 
RecClass=argmin1 Resl; Where ResClassE[1, n]. If a video 
sequence is supplied, one continues to add distances (prob 
abilities) for each of the images and only computes the 
minima (maxima) at the end of the sequence or When a 
threshold has been reached. 

[0066] 3.0 Experimental Results 

[0067] The Inventor’s experimental results Which are pre 
sented herein Were obtained using the AR-face database. 
{The AR database of face images is publicly available at 
http://rvl1.ecn.purdue.edu/~aleix/aleix_face_DB.html} This 
database consists of over 3200 color images of the frontal 
images of faces of 126 subjects. There are 26 different 
images for each subject. For each person, these images Were 
obtained in tWo different sessions separated by tWo Weeks, 
13 images being recorded in each session. For illustration, 
these images for one subject are shoWn in FIG. 3. All images 
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Were taken using the same camera under tightly controlled 
conditions of illumination. Each image in the database 
consists of a 768x576 array of pixels, and each pixel is 
represented by 24 bits of RGB color values. For the experi 
ments reported herein, 100 different individuals (50 males 
and 50 females) Were randomly selected from this database 
(that is a total of 2600 images). As stated above, images Were 
morphed to a ?nal 120x170 pixel siZe array. After morphing, 
all images Were converted to gray-level images by adding all 
three color channels. 

[0068] For each of the experimental results a set of images 
Was assigned to learning (denoted as gallery) and another to 
testing (denoted as probes). The folloWing table summariZes 
the Inventor’s experiments: 

Test number Gallery Probes 

1 (40)/100 (42-46, 54, 60)/500 
2 (40)/100 (60-72, 80, 86)/600 
3 (40, 42)/200 (44, 46, 54, 60)/400 
4 (40, 42)/200 (68-72, 80, 86)/500 
5 (40, 52)/200 (42-50, 54-64)/1100 
6 (40, 52)/200 (66-90)/1300 

[0069] Values Within the Gallery and Probes boxes state 
for: (image names as in FIG. 3)/ quantity of images 
employed. For all these tests, 20-dimensional eigenspaces 
Were used. The local ellipsoidal areas Were of dX=30, dy=24. 
Results of test 1 are displayed in FIG. 5(a). These results are 
shoWn for each separate testing image (42-46, 54, 60) to 
facilitate discussion. FIGS. 5(b) and 5(c) summariZes results 
of tests 1 to 6. In these cases, results are shoWn as: Local 
PCA: results of Inventor’s present method (shoWn as hard 
lines); Voting PCA: results obtained using a voting method 
to select the best local match, i.e. LocResc>k=1, Where 
c=argmin1 Mh(tz)j)k, Gi)j)Q—note that the Inventor’s proba 
bilistic method is used in all other steps—(this is shoWn as 
dotted lines); Global PCA: results of an alternative PCA 
approach (displayed With open symbols). Results are shoWn 
as a function of Rank (Which means that the correct solution 
is Within the R nearest outcomes) on the horiZontal axis and 
Cumulative match score (Which refers to the percentage of 
successfully recogniZed images) on the vertical axis. In FIG. 
5(b), test 1 is designated by a diamond, test 3 is designated 
by a square, and test 5 is designated by a circle. In FIG. 5(c), 
test 2 is designated by a diamond, test 4 is designated by a 
square, and test 6 is designated by a circle. 

[0070] Thus, referring to FIG. 5(a), it is apparent that the 
Inventor’s present method easily handles occlusions due to 
scarves—i.e. Where the mouth’s part of the image is not used 
to identify the test image—(85-95%), and partially solves 
the sun-glasses occlusion problem (-80%). 

[0071] The results displayed in FIG. 5(a) also illustrate 
that the Inventor’s present method is quite robust to the 
recognition of small changes due to facial expressions 
(around 84% for smiles and 94% for anger). This is mainly 
due to the fact that although some of the local parts tend to 
change Widely, others remain similar. It is also likely that 
although small local changes make the eigen-representation 
of a test face to be close to an incorrect class, the correct 
match is still quite probable (thus, adding valuable infor 
mation to the global recognition). As illustrated in FIG. 5(a), 
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there is a rapidly increasing match score of the scream face 
(e.g. item 46 of FIG. 3), moving from ~50% for Rank=1 to 
~90% for Rank=19. Even though incorrect classes are 
chosen for such extreme facial expressions, good informa 
tion is still available. 

[0072] Thus, as illustrated for the data sets illustrated in 
FIGS. 5(a) and 5(b), the Inventor’s inventive probabilistic 
approach outperforms a voting method and, further, also 
accounts for the localiZation and occlusion problems. The 
comparison With global PCA is unfair (since this approach 
does not attempt to solve any of the problems herein 
analyZed), and is only shoWn as a reference. As illustrated in 
FIG. 5(c), the recognition of duplicate images is also 
improved, because some local areas change less than others. 

[0073] The foregoing provides an inventive face recogni 
tion method that is robust to imprecise localiZation of the 
mug face and alloWs faces to appear under certain occlu 
sions. Further, as discussed above, the Inventor’s present 
method is also capable of learning local features (such as 
illuminations) that can be very useful for recognition. The 
Inventor’s present method of a probabilistic approach has 
shoWn to be superior to a local PCA method Where a hard 
classi?cation is used to select for the best match in each local 
area. HoWever, the present invention can also incorporate 
other PCA techniques. 

[0074] As is apparent from the foregoing speci?cation, the 
present invention is susceptible to being embodied With 
various alterations and modi?cations Which may differ par 
ticularly from those that have been described in the preced 
ing speci?cation and description. It should be understood 
that it is desired to embody Within the scope of the patent 
Warranted herein all such modi?cations as reasonably nec 
essary and properly come Within the scope of the presently 
de?ned contribution to the art. 

What is claimed: 
1. A method of recogniZing a test face, the method 

comprising the steps of: 

using an eigenspace representation of the test face, com 
puting a subspace that represents localiZation errors 
Within the eigenspace by: 

calculating an actual localiZation error of the localiZa 
tion of the test face; 

accounting for the calculated actual localiZation error, 
projecting all possible morphed faces onto the 
eigenspace; 

for all possible faces, modeling the subspace Where all 
of the possible localiZations of the possible faces lie 
using of a Gaussian distribution; and then 

recogniZing the test face based on the computed subspace. 
2. A method of recogniZing a test face, Wherein the test 

face may be partially occluded, the method comprising the 
steps of: 

for all possible faces, dividing the possible face into n 
different local parts; 

modeling each of the n local parts using a Gaussian 
distribution; 
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computing a global identity of the test face by adding all 
local probabilities de?ned by the Gaussian distribution; 
and then 

recognizing the test face based on the computed global 
identity of the test face. 

3. The method of claim 1, further comprising the steps of: 

prior to computing the subspace, computing the localiZa 
tion of the test face by: 

pre-localiZing the test face; 

ornitting unWanted segrnents; 

localiZing both eyes and the mouth of the test face; 

rotating the face until the test face is frontal; 

identifying boundaries of the test face; and 

rnorphing the test face to a standard face. 
4. The method of claim 1, Wherein the step of calculating 

the actual localiZation error cornprises: 

rnanually localiZing a number pertinent features of all 
possible faces; and 

computing the actual localiZation error as a difference 
betWeen the localiZation of the test face and the manu 
ally localiZed features. 

5. The method of claim 2, Wherein the modeling step 
further comprises the steps of: 

generating a local eigenspace representation by: 

applying a localiZation stage to each of the possible 
faces; 

generating a learning set; 

?nding a mean vector of each element of the learning 
set; 

cornputing covariance matrices for each element of the 
learning set; 

obtaining the local eigenspaces by taking the eigenvec 
tors associated With the largest eigenvalues of the 
covariance matrices; and 

generating a Gaussian model by: 

constructing all eigenspaces by ?nding eigenvectors 
associated to the highest eigenvalues of each cova 
riance matrix; and 
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searching for subspaces that account for the localiZa 
tion error by projecting all learning instances onto 
the constructed eigenspaces. 

6. The method of claim 2, Wherein the step of computing 
the global identity of the test face further comprises the steps 
of: 

localiZing the test face; 

rnorphing the test face to a ?nal standard face; 

projecting each of the n local parts onto cornputed eigens 
paces, Wherein a probability of a given match is directly 
associated to a Mahalanobis distance; 

adding all local Mahalanobis distances; and 

searching for rninirna from the added distances. 
7. A method of recogniZing a test face, the method 

comprising the steps of: 

using an eigenspace representation of the test face, corn 
puting a subspace that represents localiZation errors 
Within the eigenspace by: 

calculating an actual localiZation error of the localiZa 
tion of the test face; 

accounting for the calculated actual localiZation error, 
projecting all possible rnorphed faces onto the 
eigenspace; 

for all possible faces, modeling the subspace Where all 
of the possible localiZations of the possible faces lie 
using of a Gaussian distribution; and 

accounting for possible partial occlusions of the test face 
by: 

for all possible faces, dividing the possible face into n 
different local parts; 

rnodeling each of the n local parts using a Gaussian 
distribution; and 

computing a global identity of the test face by adding 
all local probabilities de?ned by the Gaussian dis 
tribution; and 

recogniZing the test face based on the computed subspace 
and/or the accounted for possible partial occlusions. 

* * * * * 


